Part-time work has vastly expanded in most OECD labor markets during the last decades. At the same time, full-and part-time wages have grown increasingly apart, leading to a substantial raw part-time wage penalty. Using quantile regression methods, this paper analyses the female part-time wage gap across the wage distribution and over time (1990)(1991)(1992)(1993)(1994)(1995)(1996)(1997)(1998)(1999)(2000)(2001)(2002)(2003)(2004)(2005)(2006)(2007)(2008)(2009), while controlling for sample selection into full-and part-time employment. The estimated part-time gap is much lower than the raw gap. Nonetheless, a persistent part-time penalty is found for the lowest wage quartile. The wide divide between the observed and estimated part-time gap is due to strong positive selection into full-time work, which increases over time. On the contrary, sample selection into part-time employment goes from being positive at the beginning of the 1990s to disappearing by the end of the 2000s, even turning negative at the lower end of the distribution. An exploration of potential mechanisms reveals a large prevalence of job mismatch at the lower end of the part-time wage distribution as well as rising differences in the distribution of job tasks between full-and part-time employment.
Introduction
Part-time work has undergone a major expansion in many labor markets during the last decades (OECD 2016) . At the same time, full-and part-time hourly wages have increasingly diverged, leading to an ever-increasing raw part-time wage penalty (OECD 2010) . This paper explores to what extent this gap -which largely varies over the wage distribution -reflects the different observable and unobservable characteristics of individuals (and their jobs) engaging in full-or part-time employment and to what extent full-and part-time employment yield different returns to the same skills. As both channels entail potentially different policy implications and are likely to differ over the wage distribution, this analysis sheds new light on a phenomenon that affects a large and increasing share of the labor force. Furthermore, as most part-time employees are female, new insights on the part-time wage gap may contribute to the debate on the gender wage gap (Manning and Petrongolo 2008 , Bowlus and Grogan 2009 , Mumford and Smith 2009 , Goldin 2014 , Blau and Kahn 2017 .
Existing literature focuses on estimating the average effect of part-time work on wages, controlling for several factors such as individuals' labor market characteristics or occupational choices (Aaronson and French 2004 , Hirsch 2005 , Manning and Petrongolo 2008 , Connolly and Gregory 2009 and Paul 2016 to cite a few). While most studies find a small or no average wage effect of part-time employment among women, this can differ across the distribution. In fact, the literature shows that the effect of the returns to skill, selection into employment and institutional factors on wages can strongly vary over the wage distribution, and even more so in the prevailing context of rising wage inequality and female labour force participation (see DiNardo et al. 1996 , Blundell et al. 2007 , Dustmann et al. 2009 , Arellano and Bonhomme 2017 and Biewen et al. 2018 
among others).
Therefore, this paper goes beyond the analysis of average wage effects of part-time employment and analyses the part-time wage gap across the wage distribution. The contribution of this paper is twofold: First, I present a measure of corrected female 1 part-time wage gap across the wage distribution and over time that isolates differences in the wage structures of full-and part-time employment from composition effects of the two groups. Secondly, I estimate the magnitude of female sample selection into the two kinds of employment across the wage distribution and over time.
The empirical strategy follows a two-step procedure. First, I estimate selection-corrected female wage distributions for full-and part-time employment. To this end, I extend an imputation-based method to correct for sample selection issues developed by Santangelo (2014, 2015) , which is based on Athey and Imbens (2006) 's changes-in-changes model. By imposing the timeinvariance of the unobservables conditional on the observables, the authors impute non-realized wages that account for both observable and unobservable characteristics of individuals. For the analysis at hand, I exploit the fact that many women in Western economies work both full-and part-time at some point in their lives (see e.g. Connolly and Gregory 2010 for the UK or Paul 2016 for Germany) to gain information on their person-specific unobservable in both kinds of employment. Through this procedure, which explicitly allows for individual's unobservables to differ in full-and part-time employment, I identify both a full-and a part-time wage for each person-year observation in the sample, regardless of her actual (non-)employment status. For those women who I do not observe working in both kinds of employment, I need an additional assumption on their unobservables. The resulting full-and part-time wage distributions are, by definition, selection-corrected, as they rely on the entire sample. In a second step, I decompose the raw part-time wage gap across the wage distribution into three components: differences in the wage functions of full-and part-time employment, which I refer to as the corrected part-time wage gap, the magnitude of selection into full-time employment, and the magnitude of selection into part-time employment. This is similar to the decomposition procedure for distributions suggested by Machado and Mata (2005) and Chernozhukov et al. (2013) , with the particularity that the required counterfactual distributions -in this case selection-corrected full-and part-time wage distributions -rely on the same underlying sample and are obtained following the model of Melly and Santangelo (2014) , as explained in step one.
For the empirical analysis in this paper, I use the German Socio-Economic Panel (GSOEP), a rich longitudinal dataset with detailed information on individuals' earnings and working hours.
I restrict the sample to prime-age women residing in West Germany and focus on the 1990 to 2009 period, two decades during which part-time employment dramatically expanded and the raw part-time wage gap widened across the entire distribution.
The paper includes several important findings. First, the data shows that the raw part-time wage gap increased at all points of the distribution over time. Evaluated at the median wage, the raw part-time wage penalty amounted to 10 log-points by the beginning of the 1990s, a figure that almost doubles ten years later. The raw gap is the highest at the bottom of the wage distribution and steeply decreases with wages -even turning into a premium at the very top of the distribution in the 1990s. Over time, the decreasing profile of the raw gap with respect to wages flattens out somewhat, which results from strong wage compression at the upper half of the part-time distribution. In addition, the data reveals that, over time, part-time employment has gained prevalence in the low-wage sector while full-time employment has increased its prevalence in the high-wage sector. The results on the corrected part-time wage gap also indicate a large variation over the distribution and over time. Nonetheless, a common finding over time is the existence of a persistent corrected part-time penalty at the bottom end of the distribution, which cannot be ascribed to composition effects between full-and part-time employment. This is a new insight, which -combined with corrected premia at the top of the distribution -reconciles the current findings with most existing literature, according to which female average part-time penalty vanishes (or becomes very small) once it is controlled for individual's labor market characteristics or occupational choices. Otherwise, the corrected gap mimics the decreasing profile of the raw gap, albeit at a lower level. The flattening trend observed for the raw gap is even stronger in terms of the corrected gap, which by the end of the 2000s equals zero for almost half of the wage distribution. This implies that, in the late 2000s, differences in the wage structures of full-and part-time employment no longer explain most of the raw gap. In fact, I find that opposite selection patterns into full-and part-time employment increasingly explain the widening of the raw part-time wage gap over time.
Second, my results indicate strong positive selection into full-time work at all points of the distribution -implying that women with high potential wages tend to select into full-time work much more often than women with lower potential wages. Further, the magnitude of positive selection into full-time employment increases over time. On the contrary, selection into part-time employment displays a structural break from the end of the 1990s to the beginning of the 2000s, turning from positive to null -or even negative at the bottom of the distribution. This is a new insight, which is backed by the findings of Biewen et al. 2018 on the basis of German administrative data -which suggest negative selection into part-time employment -and Carrillo-Tudela et al. 2018, which ascribe the rise in female part-time employment (of individuals with low potential earnings) to the comprehensive labor market reforms implemented from 2002 onwards in Germany.
Third, in terms of underlying mechanisms, I show that there is a large gap between full-and parttime employment in terms of the (in)adequacy of individuals' jobs with respect to their previous training at the lower part of the distribution and that this gap decreases along the wage distribution but rises over time. I show that the job/training mismatch is associated with lower wages and that it is far more prevalent among low-skilled women and long non-market employment spells.
Moreover, an analysis of jobs main tasks reveal that the rise in non-routine cognitive tasks for female employees in Germany -identified as factor contributing to the rise in women's relative (full-time) wages over time (Spitz-Oener, 2006 and Black and Spitz-Oener, 2010 ) -has happened exclusively in the full-time sector. The distribution of main tasks in part-time employment has been relatively stable over the 1990-2009 period, with a light increase in non-routine manual tasks combined with a small decrease in routine cognitive tasks. As a result, the differences in the distribution of main tasks between full-and part-time employment have grown over time, suggesting an increase in job segregation among the two kinds of employment.
From the policy perspective, priority should be placed on reducing constraints for women who wish to engage in full-time work. These can be very different in nature, such as inadequate fulltime childcare arrangements, disincentives in the tax system -especially for second earners in joint taxation regimes -as well as difficulties to return to full-time employment after a phase of parttime employment, a phenomenon commonly known as the part-time trap. Furthermore, policies toward lifelong learning could contribute to decrease the prevalence of job/training mismatch among women with low skills and/or long non-market employment phases in their biographies. This paper contributes to the existing literature on the effect of part-time employment on wages, which can be classified into three big strands according to its methodology: studies that use cross sectional data -often accompanied by decomposition exercises; analyses that are based on panel estimators of wage equations; and joint estimations of hours and wage equations.
Within the first strand, Blank (1990) is the first to produce estimates on the part-time pay penalty controlling for individuals' skills and sample selection; she finds substantial penalties for the United States in the late 1980s. Manning and Petrongolo (2008) estimate a variety of models and find that differing worker characteristics in the full-and part-time group as well as growing occupational segregation and rising wage inequality practically explain the totality of the observed rising part-time wage gap in the UK between 1975 and 2001. Bardasi and Gornick (2008) and Matteazzi et al. (2014) carry out cross-country studies on the average wage effects of part-time work and find occupational segregation to be a major determinant of the observed part-time pay penalty in most countries. In all these studies, sample selection is taken care of through the Heckman Two-Stage Model (Heckman 1979 ) and the chosen exclusion restrictions are based on household characteristics such as -but not limited to -marital status or number of children.
The next strand of the literature analyses the wage effects of part-time work by estimating fixed-effects wage models. In such models, the average effect of part-time work on wages is identified by the wage changes of individuals transitioning between full-and part-time status relative to the wage changes of individuals who stay in each type of employment. This paper's methodology is closest to this strand, as it also relies on a person fixed-effect assumption -although arguably with two advantages: exploiting the longitudinal dimension of the data allows including a larger share of individuals in the sample (thereby reducing its selectivity) and the person fixed effect is allowed to differ in full-and part-time employment. Hirsch (2005) finds a very small penalty for women in the United States once he controls for individuals' and job skills, whereas Booth and Wood (2008) find a female part-time premium for Australia. Fernández-Kranz and Rodriguez-Planas (2011) estimate a corrected part-time pay penalty for women in Spain and distinguish by their type of contract. Connolly and Gregory (2009) and Fouarge and Muffels (2009) also look at the long-term consequences on part-time work on wages and find long-term earnings losses for all countries under study.
The third group of papers takes into account the potential endogeneity between working hours and wages by conducting joint estimations of hours and wage equations. Aaronson and French (2004) , making use of an old-age part-time social security rule in the United States as exclusion restriction, find a part-time penalty for men but not for women. Paul (2016) , using exclusion restrictions from the German institutional context, distinguishes between short-and long-hours part-time work and finds a female part-time penalty on current wages for the first group but not for the latter. Wolf (2002) , who uses exclusions restrictions based on household characteristics and labor demand, also finds a wage penalty for short-hours part-time employment in Germany.
Finally, this paper also relates to the literature on selection into employment and its effect on female wages, with its origins in the seminal works of Roy (1951) , Gronau (1974), and Heckman (1979) . Most closely, this paper builds upon the work of Melly and Santangelo (2014) , who suggest an econometric method to account for changes in selection into employment over time and across the wage distribution, and use it to analyze the evolution of the gender wage gap in the US. An alternative to correct for sample selection from a distributional perspective has also been proposed by Arellano and Bonhomme (2017) . Further work within this strand includes Mulligan and Rubinstein (2008) , who show that the sign of selection into employment for women in the US changed from the 1970s to the 1990s and point to the role of wage inequality for the evolution of selection into employment and women's relative wages. Olivetti and Petrongolo (2008) show the importance of accounting for selection into employment for interpreting the variation of the gender wage gaps across European countries. For Germany, Biewen et al. (2018) find an increasingly positive selection into full-time employment by women between 1985 and 2010, relating this phenomenon to the rise in female wage inequality.
The paper is structured as follows. Sections 2 and 3 cover the empirical strategy and describe the data. Next, Section 4.1 presents evidence on the raw part-time wage gap across the distribution and over time and discusses it in the context of dramatic changes in the distribution of female wages. Section 4.2 discusses the results of the imputation of non-realized full-and part-time wages. Section 4.3 presents the results on the corrected part-time wage gap and the magnitude and evolution of selection into full-and part-time employment. Section 4.4 discusses potential mechanisms underlying my findings. Lastly, Section 5 concludes and draws policy recommendations.
Empirical strategy
In this section I discuss the empirical strategy for deriving a measure of the part-time pay gap that isolates the wage effect of part-time employment while controlling for different selection of individuals into full-and part-time employment. Section 2.1 presents formally the concepts used throughout the paper. Section 2.2 describes Santangelo (2014, 2015) 's imputation method for recovering non-realized wages and its extension to the study of the part-time wage gap.
Last, Section 2.3 discusses the specification of the conditional wage model used for the imputations.
Corrected part-time wage gap and selection-corrected wage distributions
In the following, I denote X F T t , X P T t , and X OW t to be the joint distribution of human capital variables at time t entering the wage model for three different subsamples: individuals working full-time, working part-time, and those who are out-of-work. The joint distribution of human capital variables for the whole sample is denoted free by definition, as for each woman in the sample both a full-and a part-time wage is imputed, whenever one (or both) of them are not realized. This builds on the idea that sample selection issues can be controlled for once a wage rate for every individual in the sample -especially those individuals for whom a wage is not observed -is meaningfully imputed (see Neal (2004) , Blau and Kahn (2006) , and Olivetti and Petrongolo (2008) for earlier imputation-based approaches to control for sample selection issues).
Following this notation, the raw part-time wage gap at percentile τ and time t can be expressed as the difference between the observed full-and part-time log wage distributions:
The corrected part-time wage gap is defined by the difference between the selection-corrected log wage distributions for full-and part-time work in a given year t, F W F T ,t and F W P T ,t . Because these two distributions apply to the same underlying population with identical joint distribution of human capital variables, any difference between the two is due to the differing wage structures of full-and part-time employment:
Note that by adding and subtracting equation 2 to equation 1, and rearranging the terms, the raw part-time wage gap can be also expressed as 2 :
where Sel
(τ ) quantifies the magnitude of selection into full-time employment and Sel
Equation 3 implies that the difference between the raw and the corrected gap can be explained in terms of sample selection into both types of employment. In terms of interpretation, this implies that in case of identical returns to skill in full-and part-time employment, G corr would then be zero and any observed difference between full-and part-time wages would only be due to composition effects of individuals selecting into each kind of work arrangement.
Imputation of non-realized wages
In the following I briefly describe the method proposed by Melly and Santangelo (2014) 3 and then proceed to its application to the study of full-and part-time wages.
Intuitively, Melly and Santangelo (2014) suggest to build subsamples with individuals who work in two given periods (group 0) and compare them to subsamples of individuals who only work in one of these two periods (group 1). The latter reveals information on their unobservables in the one period when they work, which is captured by their conditional rank in the wage distribution.
The evolution of wages of group 0 allows imputing group 1 a conditional wage that responds to the wage structure of the time when the imputation is required and that accounts for both observable and unobservable characteristics of the individuals.
This exercise is carried out for all possible combination of two survey years in the data, which I refer to as {k, l}. Group belonging according to the description above is captured by variables G kl , each with realization g kl ∈ {0, 1}. The covariates entering the wage equation are captured in vector X and the unobservable component of wages in random variable U.
Similar to other fixed effects panel methods, the identifying assumption behind this imputation method is the time-invariance of the unobservables conditional on the observables, i.e.
f U |T,G,X = f U |G,X . In words, this implies that the distribution of unobservable characteristics that affect wages, such as innate ability or professional ambition, stay constant over time, conditional on observable characteristics such as education level and previous working experience. The specification of covariate vector X needs to capture as much variation in unobservable components as possible and, thus, is discussed separately in the next subsection.
Formally, Melly and Santangelo (2015) show that the conditional wage distribution of those individuals not working in time period t=k but working in time period t=l can be derived as:
and individual wages conforming F −1 W |g=1,t=k,x (θ) can be imputed as:
effect 3 See Santangelo (2014, 2015) for details. The aim of this section is merely to sketch the imputation method proposed by the authors so as to make it understandable -for a thorough explanation of the model it is advised to refer to the original sources.
whereβ g,t (θ) are the wage equation coefficients for conditional quantile θ coming from the estimated quantile regression processes. As each realized full-or part-time wage provides enough information to impute all non-realized wages of an individual, for employees who I observe working several years the imputation rule of expression 5 produces multiple imputations for each nonrealized wage. For these cases, Melly and Santangelo (2015) suggest to weight all available imputations so as to obtain final imputed wage for individual i in year k, w ik :
where M i is the number of available imputations for a given w ik , different for each individual i, and d ikm is the weighting factor for each w ikl , so that
In my particular application, I allow the wage structure of full-and part-time employment to differ from each other and carry out the imputation procedure separately for the two kinds of employment 4 . This is possible because a large share of women work both full-and part-time at some point in their lives and implies that only information from realized full-time (part-time) wages is used to impute full-time (part-time) wages. The identification of non-realised full-time wages
, whereas the identification of nonrealised part-time wages requires f U P T |T,G P T ,X P T = f U P T |G P T ,X P T . Thus, not only the returns to observable characteristics are allowed to differ between full-and part-time employment but also the structure of unobservables is allowed to differ in both kinds of work arrangements. The later implies that particular individuals can have a different unobservable in the full-than in the parttime wage distribution. This is an important feature of this approach (and the main difference to a usual panel fixed-effect estimator), as there is no reason apriori to assume unobservable components stay constant in transitions from full-to part-time employment and viceversa. For instance, to the extent that individuals may choose to work part-time in order to combine market with non-market work duties, it is possible that individuals are willing to exchange wage losses for greater flexibility. Alternatively, certain individuals may be only willing to return to full-time employment if this represents a substantial wage increase. Furthermore, this approach is agnostic to whether wage-hours offers are tied or, alternatively, individuals may have leeway in choosing their working hours given a fixed wage.
Thus, group belonging is captured by variables G F T kl and G P T kl with realization g F T kl ∈ {0, 1} and g P T kl ∈ {0, 1} for all {k, l}, respectively. The algorithm in equation 5 is applied separately for fulland part-time wages. Given the high computational burden and the relatively small size of the estimation subsamples in the empirical application, I use a slightly modified imputation algorithm:
where w i,t=l is the observed wage for person i in t = l and replaces its estimated equivalent
The main results, as presented in Section 4.3, use an unweighted average scheme,
suggested by Melly and Santangelo (2014) . Other possibilities include a closest neighbor approach or a weighted average that penalizes wider distances between year k and year l. The sensitivity of the results to different weighting schemes is examined in Appendix D.3.
With the imputation algorithms of equations 7 and 8, I can only recover non-observed wages for those individuals who I observe working both full-and part-time for at least one time period in the data. There are three groups for whom this is not possible: those who I never observe working full-time, those who I never observed working part-time, and those who I never observe working at all.
For these individuals, I apply a different imputation rule than the one described above, which I refer to as median imputation rule. In particular, I predict wages for them by means of the median conditional quantile coefficients estimated on the most suitable distribution. 5 Missing fulltime wages for women who I do not observe working full-time are filled with predictions based on conditional quantile regression coefficients from either Q 0.5 w F T it |X P T t = x it β t (0.5) if at period t the individual was working part-time or from Q 0.5 w F T it |X OW t = x it β t (0.5) if she was out-of-work.
In both cases, w F T it stands for full-time wages imputed according to the main model as captured by Equation 7. Non-realized part-time wages for women who have never worked part-time are filled equivalently. Whereas this alternative rule fully controls for observables (most importantly, actual full-and part-time working experience), unobservables are set to the median by assumption.
Specification of the conditional wage model
For the empirical strategy it is key to use a rich wage equation that accurately describes the wage process. The wage equation is estimated separately for the full-and the part-time wage distribution as a linear conditional quantile regression model (Koenker and Bassett, 1978) :
The dependent variable, w it , is the natural logarithm of the hourly wage and the independent variables, x it , consist of an intercept, age, years of education, two indicator variables for intermediate and advanced degrees, actual full-and part-time working experience as well as interactions between the indicators and the experience variables. Age is included as a regressor in addition to years of education and experience since many women present spells of non-market work and those are the excluded category avoiding overidentification of the wage model. The goodness of in-sample fit of the conditional wage model is reported in Appendix B. Importantly, this specification allows for the returns to previous full-and part-time working experience to differ between the two and also to differ from each other in the wage functions of full-and part-time employment. This is an important feature as the literature finds that the returns to previous part-time experience are substantially lower than the returns to full-time experience (see, e.g. Blundell et al. 2016) 6 .
Data and Descriptive Statistics
The empirical analysis is carried out on the basis of the German Socio-Economic Panel (GSOEP), a representative household survey that fulfills the two requirements of my empirical strategy:
a longitudinal dimension combined with information on precise working hours and gross labor earnings (see Wagner et al. 2007 for details on the dataset). Administrative data (e.g. from the German Employment Institute) could be an alternative; however, the lack of precise information on individuals' working hours renders it unsuitable for this paper. only part-time and only 5 percent never worked at all. Therefore, the median imputation -which explicitly accounts for actual full-and part-time working experience -is a meaningful solution for this group, and allows to preserve the entire distribution of human capital variables contained in the raw data.
The dependent variable, the natural logarithm of the hourly wage, is constructed by dividing gross labor earnings over working hours in the main job. In order to minimize measurement error concerns, observations with a resulting hourly wage in the top and bottom 0.5% of each year's distribution are dropped. Hourly wages are inflated/deflated to 1995 prices based on CPI figures provided by the German Statistical Office. Figure 1 shows the resulting log hourly wage densities by full-and part-time employment, in which the existence of a raw part-time wage gap becomes evident. Descriptive statistics on the human capital variables entering the wage model are reported in Table 1 separately by full-time, part-time and out-of-work status. 11 The three groups present large differences in terms of human capital, thereby anticipating substantial, time-varying composition effects between the subsamples, in particular with regard to education. Thus, while in the 1990s average years of education of those in full-and part-time employment were very similar, in the 2000s the data reveals a difference of almost half a year. Importantly, in the 1990s differences Table 1 also reveals large differences in terms of actual full-and part-time working experience. Women who I observe working on a part-time basis have worked previously on average approximately 7 years on a full-time basis, a pattern that stays constant over the two decades. In constrast, women who I observe carrying a full-time job have already done so, on average, for over 11 years and display short part-time employment spells of one to two years. From a different perspective, Figure 3 shows that, although the rise in part-time employment has happened for women with and without children, part-time employment is much more prevalent among women with children. The evolution of full-and part-time employment rates over time are shown in Figure 4 . The full-time employment rate is quite stable around the 35 percent level, whereas the part-time employment rate has dramatically increased during the twenty years under study, approaching the level of full-time employment by the 2000s. Figure 4 also depicts the evolution of marginal employment over time (the dashed line in the graph), 12 which accounts for every tenth part-time worker at the beginning of the 1990s and represents slightly more than every fourth part-time employee twenty years later.
The parallel evolution of the raw part-time wage gap is reported in Table 2 . Given that gaps are computed as the difference between full-time log wages minus part-time log wages, positive figures imply part-time wage penalties whereas negative figures hint at a part-time wage premium.
The raw part-time wage gap displays large variation across the distribution and has undergone substantial changes over time. The raw gap is the highest at the bottom of the wage distribution and steeply decreases with wages -in the 1990s even turning into a premium at the very top of the distribution. Evaluated at the median wage, the raw part-time wage penalty amounts to 10 log-points by the beginning of the 1990s, a figure that almost doubles ten years later. However, the biggest change over time occurs for the upper-end of the distribution, where a 12 log-point premium turns into a 10 log-point penalty over this twenty-year period. Notes: Units are log-point differences between the full-and part-time inverse cumulative wage distributions evaluated at several percentiles τ of the unconditional wage distribution.
The variation displayed across the distribution and over time hints at substantial differences in the evolution of full-and part-time wages over time. Therefore, Table 3 with higher dispersion in the full-time distribution. 1990-1994 1995-1999 2000-2004 2005-2009 (A) Wage dispersion within part-time employment:
Overall (P 90 − P 10) Notes: Units are log-point differences between the inverse cumulative distributions evaluated at P 10, P 50 and P 90. Figure 5 represent the selection-corrected wage distributions, which are made up of both observed and imputed wages, and are bound to lie between the two. The distance between the selection-corrected distribution and the observed one depends on the share of individuals requiring imputations as well as the difference in levels between imputed and observed wages.
Imputation of Non-Realized Wages

Dotted lines in
In the case of full-time employment, imputed wages are much lower than observed ones -hinting at strong positive selection into employment. For part-time employment, the selection-corrected distribution is much closer to the observed one and by the mid-2000s both are very similar.
The imputation results reveal important insights. Full-time imputed wages are lower than observed ones at all points of the distribution, which is consistent with the large differences found in terms of education and working experience between the subsamples working full-, part-time and out of work. Imputed part-time wages are closer to their observed counterparts than in the case of full-time employment. The reason for the smaller distance is that part-time imputations are carried out for two groups -those working full-time and those out-of-work -with large differences in terms of human capital, whose differences partially cancel out when regarded as one group. This is best illustrated in Figure 6 , which graphically show imputations by in-and out-of-work status.
In addition, the results displayed in Figure 6 suggest that, over time, the increasing variance in the returns to human capital investments is a phenomenon that takes place in the entire labor market regardless of the full-and part-time distinction. Thus, I find imputed part-time wages for those individuals who actually work full-time to be between 10 and 25 log points higher than realized part-time wages (see lower panel of Figure 6 ).
13 These imputation results correspond to using an unweighed average of multiple imputations (when available) and the alternative imputation rule presented in Section 2.2. A sensitivity analysis of the imputation results to these choices is provided in Appendix D. 14 See Appendix C for a technical documentation of the imputation procedure.
Turning now to part-time imputed wages, Figure 6 shows that these are lower than their realized counterparts but increase more steeply, so that during the 2000s they reach the level of observed part-time wages. The dynamics of imputed part-time wages are the result of three factors. First, imputed part-time wages for the sample working full-time display relative high growth over the entire period. This is consistent with the evolution of observed full-time wages, which also exhibits such a trend, and hints at the fact that high levels of human capital are also rewarded in the part-time wage structure. Second, imputed part-time wages for the out-of-work group display a certain convergence to observed part-time wages, especially in the lower half of the distribution.
Third, over time the weight in the overall part-time imputation between the group working fulltime and the out-of-work group has evolved to the advantage of the full-time working group, as the out-of-work group represents a decreasing share of the overall female sample over time.
The imputations presented in Figure 6 entail imputed wages according to both the main model as well as the median imputation described in Section 2.2. Given the differences in human capital levels between the groups, the distribution of wages imputed with median coefficients necessarily 
Corrected Gap and Selection into Full-and Part-Time Employment
Once non-realized full-and part-time wages are imputed, I have all the ingredients required to decompose the raw part-time wage gap into differences in the wage distributions -the corrected part-time wage gap -from differences in the selection patterns into full-and part-time employment. .4
Gap (log points) . Melly and Santangelo (2015) . The x-axis refers to quantiles of the female log hourly wage distribution.
Results on the corrected part-time wage gap, G corr , are displayed in Figure 7 together with the raw part-time wage gap, G raw , for reference. Note that gaps are computed as the difference between full-time log wages minus part-time log wages, so that positive gaps in Figure 7 should be interpreted as part-time wage penalties whereas negative figures hint at a part-time wage premium.
The results on the corrected part-time wage gap, G corr , can be summarized into three main messages. First, I find large variation of the corrected part-time wage gap across the distribution and over time, both in the form of penalties and in the form of premia. This finding is consistent with the view that part-time employment is a very heterogeneous phenomenon and reinforces the added value of choosing a distributional perspective.
Second, I find a corrected penalty at the lower end of the distribution, which persists over the twenty years under study and cannot be explained by composition effects of the subsamples working full-and part-time. This is a new insight that -combined with corrected premia at the top of the distribution -reconciles the current findings with most existing literature, according to which female average part-time penalty disappears (or becomes very small) once it is controlled for individual's labor market characteristics or occupational choices. In particular, my results at the median are compatible with Paul (2016) , who finds for Germany, in the period 1984 to 2011, a negative average wage effect for short-hours part-time and a slight premium for long-hours part-time, and Fouarge and Muffels (2009) Third, my results show that differences between the corrected and the raw part-time wage gaps increase dramatically from the 2000s onwards at all points of the distribution, implying that the explanatory power of different full-and part-time wage structures for the raw gap decreases over time. This is most evident in the results for the late 2000s, in which I find no evidence for the existence of a corrected wage gap for most of the upper half of the distribution -while the raw part-time penalty for the same time period ranges from 11 to 34 log-points (see Table 2 ). As differences between the two measures can be explained by different selection patterns into full-and part-time employment 15 , next I discuss the estimates on Sel The effect of sample selection on each of the two wage distributions can be summarized as the log-point difference between the observed and the selection-corrected full-and part-time log wage distributions at selected percentiles (see Figure 8) . Given that the difference is specified as the observed distribution minus the selection-corrected one, positive (negative) values hint at positive (negative) sample selection into each type of work arrangement with respect to the entire population. 16 Figure 8(a) shows that the female full-time wage distribution is strongly positively selected at all points in the distribution. The selection effect at the median hourly wage takes on values around 15 to 21 log points depending on the time period. This means that the observed median full-time wage is 15 to 21 log points higher than it would be if the group working full-time would be representative for the female labor force. Throughout the complete time span under study, positive selection into full-time employment is found to be strongest in the middle of the distribution and weakest at the lower end of the distribution. Moreover, from 2000 onwards, I find increasing positive selection all points of the distribution. The rise appears particularly strong in the middle of the distribution. The pattern is very different for selection into parttime employment. During the 1990s, I find the upper half of the part-time wage distribution to be 15 Recall expression 3, which implies Graw (τ, t) − Gcorr (τ, t) = Sel increasingly positively selected, whereas for the lower end, the selection estimate is not statistically significant. In the 2000s, sample selection disappears for most of the part-time distribution and it turns substantially negative for the lower end of the distribution (at around 13 log points). In fact, the large negative selectivity at the lower end of the part-time wage distribution -together with the ever rising positive selection into full-time employment -explain most of the raw part-time wage gap at this point of the distribution. Contrary to the full-time employment rate, over time the part-time employment rate has risen strikingly homogeneously at all levels of the diverse human capital variables, with the exception of women with an advanced educational degree, for which it has stagnated. This is consistent with the finding that selection into part-time employment diminishes over time.
Next I turn to explore full-and part-time employment rates by unobservable characteristics, as summarized by individuals' conditional rank in the joint (full-and part-time) wage distribution.
Results are reported in Figure 10 , which plots the probability of working full-and part-time (conditional on working) over time, by rank in the overall female conditional wage distribution. 19 The dashed lines in Figure 10 represent full-and part-time employment rates (conditional on employment) and serve as benchmark to evaluate the role of unobservables regarding the selection into full-and part-time employment. In the 1990s, working women were more likely to have a fulltime job than a part-time job regardless of their unobservables. This is shown by circle-marked lines lying above triangle-marked lines in Figure 10 . However, women with both low-(below the 25 th percentile) and high-conditional ranks (above the 75 th percentile) were over-proportionately likely to work part-time, while women in the middle half of the distribution were over-proportionately likely to work full-time. Remarkably, in the first half of the 2000s, women with low ranks in the conditional distribution become 10 percentage points more likely to have a part-time job than a fulltime job (although, conditional on employment, full-time work was more common). Furthermore, selection bias for unobservables at the middle of the distribution has remained constant over time and selection on unobservables for women with high conditional ranks has disappeared over time 
Underlying Mechanisms
In the following I discuss two potential mechanisms behind the results on the part-time wage gap:
job-skills mismatch and the distribution of job tasks in full-and part-time employment.
Job-Skills Mismatch
The existence of a persistent corrected part-time wage penalty at the bottom of the distribution over time implies that for this part of the distribution returns to human capital are lower in parttime employment than in full-employment. In my framework, the existence of regular occupational segregation -understood as well-paid jobs being offered in full-time basis and worse-paid jobs being offered in part-time basis -will surely contribute toward the widening of the raw part-time wage gap but it needs not contribute to the corrected part-time wage gap if occupational choices sufficiently correlate with the human capital variables included in the wage model. However, if individuals working in part-time carry out occupations that do not match their skills, this may well be a contributing factor for the corrected part-time wage penalty found earlier on. In order to examine this issue, Table 4 uses information contained in the GSOEP as to whether an individual's job corresponds to her previous training and reports the share of job-skills mismatches in full-and part-time employment by quartiles of each wage distribution. Table 4 reveals that job inadequacy at the lowest quartile of the wage distribution is more than 20 percent points higher in part-time than in full-time employment throughout the twenty years under study. While every second part-time employee with a wage in the lower quartile of the parttime distribution was carrying out a job that did not correspond to her training, this was only the case for every third employee in full-time employment. Across the wage distribution, the mismatch gap between full-and part-time employment decreases quickly while, over time, differences in the prevalence of job-skills mismatch between full-and part-time employment increase. However, job-skills mismatches could be in principle both positively and negatively associated with wages. Figure 11 depicts the wage distributions of those who report a mismatch and compares them to the wage distributions of those who report doing a job that corresponds to their previous training. In addition, Figure 11 also reports the OLS coefficient for the indicator variable mismatch, which results from regressing log wages on the set of human capital variables included in the wage model, the mismatch indicator, as well as a set of year indicators. Both the graphs and the regression coefficients show that job missmatch is associated with lower wages both in full-and in part-time employment, although the association is much stronger in part-time employment. Table 5 shows the prevalence of job-skills mismatch by selected characteristics. In terms of educational achievement, Table 5 reveals that the job-skills mismatch is most prevalent among women with no or low educational degree -both in full-and part-time employment. In both employment kinds, the mismatch decreases with higher educational achievement. However, over time the job-skills mismatch has risen most steeply for part-time working women with an advanced degree, going from 22 per cent in the 1990s up to 33 per cent in the 2000s. Further, the probability of job-skills mismatch also rises substantially with the length of non-market work phases. Within part-time employment, most job mismatches occur in short-hours jobs. 
Full-and Part-Time Jobs: Unequal Distribution of Tasks
Now I turn to examining the kind of tasks undertaken in full-and part-time employment. To this end, I follow an approach similar to that of Acemoglu and Autor (2011) and, in particular, the operationalisation suggested by Cavaglia and Etheridge (2017) for Germany, and classify occupa-tions according to the nature of their main task into four categories: non-routine cognitive, routine cognitive, non-routine manual, and routine manual. 20 . The resulting distribution of main tasks are shown in Figure 12 , separately by full-and part-time employment and by decade. As expected, the share of jobs in occupations whose main task is of non-routine cognitive nature increases across the wage distribution. However, I find the rise in non-routine cognitive tasks over time -pointed to be a cause for women's rising relative full-time wages (Spitz-Oener 2006 and Black and Spitz-Oener 2010) -to occur almost exclusively in full-time employment. This is most evident for the second and third wage quartiles, where non-routine cognitive full-time jobs increased by 9 20 The categorization is based on ISCO88 occupational codes available in the GSOEP. to 12 percentage points over the 1990-2009 period, while the percentage of equivalent part-time jobs stayed constant. To a lesser extent, the same diverging trend is observed for the fourth wage quartile, where the distribution of main tasks among the two sectors was very similar during the 1990s but during the 2000s substantial differences in the share of non-routine cognitive tasks became evident. On the contrary, in the first wage quartile -where the raw part-time wage gap is the highest -, the distribution of main tasks is increasingly similar over time. The diverging development of non-routine, cognitive tasks in full-and part-time employment over time is consistent with the fast rise in job-skills mismatch among part-time employees with an advanced educational degree. This poses the question whether the evolution of job tasks in full-and part-time employment shown in Figure 12 is driven by developments in terms of labor supply or demand. If job sharing of non-routine cognitive tasks is associated with higher (financial, organizational) costs, the demand for highly skilled personnel on a part-time basis may have decreased. Alternatively, from the labor supply perspective, highly educated women may have stronger preferences towards full-time employment -eventually reinforced by rising wage inequality and increasing returns to skill (cf. Mulligan and Rubinstein, 2008) . Regardless of the driving force behind the rising differences in terms of tasks, Figure 12 suggests increasing job segregation among the two kinds of employment, which corroborates the findings in terms of selection into full-and part-time employment.
Conclusion
This paper studies the part-time wage gap in West Germany for the years 1990 to 2009, a time period in which part-time employment expanded dramatically and the average raw part-time wage penalty almost doubled. Next to exploring the part-time wage gap, the paper also offers some insights into the evolution of female part-time wages throughout this time period, for which little is known as compared to full-time wages (Dustmann et al., 2009 , Biewen et al., 2018 . From the methodological perspective, the paper uses a novel econometric model that allows to study the part-time wage gap across the wage distribution, while controlling for selection into full-and part-time employment. The selection correction assumes the time invariance of the unobservables conditional on the observables (see Santangelo 2014, 2015) in order to impute non-realized, counterfactual full-and part-time wages.
My findings reveal a large variation of the raw part-time wage gap across the distribution and over time. The corrected part-time wage gap is much lowest than the raw gap and also decreases along the wage distribution. Importantly, I find a persistent corrected part-time penalty at the lower quartile of the distribution throughout the twenty years under study. The widening of the raw part-time wage gap over time is mostly the result of opposite selection patterns into fulland part-time employment. While selection into full-time employment is found to be increasingly positive over time, selection into part-time employment goes from being positive at the beginning of the 1990s to vanishing by the end of the 2000s, even turning negative at the lower end of the distribution. An exploration of potential underlying mechanisms reveals a large share of job-skills mismatch as well as rising differences in the tasks carried out in full-and part-time employment.
Importantly, a zero corrected part-time wage gap is fully compatible with the finding in the literature that returns to part-time working experience are lower than those to full-time working experience (see Blundell et al. (2016) for the UK). In fact, the paper shows that selection in both observable and unobservable characteristics increasingly explain the widening of the raw part-time wage gap over time. Although the contribution of each relevant characteristic is not quantified in the paper, the data shows that differences in actual full-and part-time working experience among women engaging in one or the other kind of employment are large. This finding suggests that different returns to actual full-and part-time working experience may be a major factor behind the raw part-time wage gap. Therefore, from the policy perspective it would be meaningful to explore ways of reducing the difficulties attached to transitioning between full-and part-time employment (in both directions) as well as removing constraints that hinder women who wish to engage in full-time employment from doing so. Constraints may be very different in nature, such as inadequate full-time childcare arrangements or disincentives in the tax system -especially for second earners in joint taxation regimes. Further, in the light of the increasing differences in job tasks between full-and part-time employment, new models of job sharing could be explored with the goal of making as many jobs as possible available in both full-and part-time basis. Finally,
given the large share of job-skills mismatch in part-time employment at the lower half of the distribution, priority should be placed in policies of lifelong learning directed towards enabling individuals with low education and/or long non-market employment spells to carry out a job that fits their skills. The imputation of non-realized wages is based on the conditional quantile regression wage model presented in Section 2.3. In order to evaluate the in-sample fit of the specification of the wage quantile regression, Figure B1 contrasts observed log hourly wages (solid lines) with those produced by the conditional wage model (dashed lines) at different points of the unconditional distribution.
In order to obtain unconditional wage distributions from the grid of conditional quantile regressions, I use the algorithm provided by Chernozhukov et al. (2013) , which yields results equivalent to those suggested by Machado and Mata (2005) . Figure B1 : Goodness of fit of the conditional wage model Figure B1 shows that the conditional wage model fits very well the observed wage data at most points of the distribution, with the exception of a few peaks at the 90 th percentile of the part-time distribution for the time period 1995-1999. Table C1 tabulates the number of observations for which g F T kl = 1 by all possible {k, l} combinations (k years in columns, l years in rows). These are observations for whom I impute a full-time wage in year k using information from year l. Table C2 does the equivalent for observations for which
The imputation of non-realized full-and part-time wages requires estimating 170,280 conditional quantile regressions; the resulting wage equation coefficients are not reported for the sake of brevity.
The number of regressions is calculated as the number of all two-year combinations in the data, 430, times the 99 percentiles at which the wage equations are estimated for each two-year combination, times 2 (once for each of the two years), and again times 2 -once for the full-and once for the part-time wage distribution. Table C3 and C4 display the number of observations for which g F T kl = 0 and g P T kl = 0, respectively. These are the subsamples which are the base for the imputation. Quantile regression samples range 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009   1.984  263  313  302  289  287  295  288  268  267  271  247  230  210  212  192  166  148  134  120  97  1.985  252  296  289  274  279  281  283  271  264  275  248  243  222  221  207  184  166  154  136  110  1.986  248  300  287  281  277  283  280  265  257  269  250  240  229  222  212  194  177  163  148  128  1.987  232  287  277  290  288  291  297  292  273  295  268  263  252  252  238  223  201  186  164  142  1.988  198  262  254  270  277  284  286  283  271  293  274  275  270  262  249  236  217  200 1990-1994 1995-1999 2000-2004 2005-2009 evaluated at the 10th percentile Source: SOEP.v33,own calculations. Table D3 presents figures on the observed and corrected part-time wage gap using contractual working hours plus paid overtime instead of actual working hours. The concern here is that (paid) overtime hours may be systematically different for full-and part-time employment, thereby 1990-1994 1995-1999 2000-2004 2005-2009 evaluated at the 10th percentile G obs (τ = .10) biasing my results in one or the other direction. However, Table D3 shows that the results remain qualitatively the same regardless of the definition of working hours.
D.2. Results using contractual-instead of actual-working hours
D.3. Weighting of multiple imputations
Multiple imputations are available for individuals whom I observe working full-time (part-time)
for several years. This is the case for 34% to 46% of all person-year observations who require imputations in each survey year. 21
If individuals would hold the same conditional rank all years they work in a particular type of employment, then multiple imputations available for an individual would be identical and there would be no need to deal with this issue. However, in the data one observes that individuals hold different conditional ranks over the years. While this does not contravene the (conditional) rank similarity assumption, 22 it poses the question of how to best use the several available imputations for some individuals.
Whereas the persistence of wage shocks suffered by individuals is outside of the scope of this paper, I replicate the main results with two alternative weighting schemes in order to determine to what extent my results are driven by the choice of weights.
First, I use a closest-neighbor approach, in which the imputation that relies on information chronologically closer to the year of interest gets a weight of one and the remaining available Table D3 : Part-time gap, contractual working hours 1990-1994 1995-1999 2000-2004 2005-2009 evaluated at the 10 th percentile G obs (τ = .10) Comments: Units are log-point differences between inverse cumulative distributions.
Unweighted average of multiple imputations.
Source: SOEP.v33,own calculations.
imputations are not used at all. Formally:
1 if |y n − y k | < |y j − y k |∀n = j 1 if |y n − y k | = |y j − y k | and y n > y j ∀n = j 0 if |y n − y k | = |y j − y k | and y n < y j ∀n = j 0 if |y n − y k | > |y j − y k |∀n = j Secondly, I replicate the main results with an average of all available imputations which gives a higher weight to imputations relying in information chronologically closer to the year of interest than imputations relying in more distant information. Under this scheme, contrary to the closest neighbour approach, all imputations are used. The weighting function in this case reads:
(D1) Table D4 shows that the results are robust to the choice of weighting rule, as there are no qualitative differences among the two. This, in turn, suggests that multiple imputations available for each individual are rather stable.
D.4. Sensitivity analysis of the median imputation
This section deals with the sensitivity of the results to the median imputation of wages for those individuals who I never observe working in any of the two work arrangements under study. Given that this affects a substantial share of observations every year, it is important to check to what Table D4 : Sensitivity to the weighting scheme of multiple imputations 1990-1994 1995-1999 2000-2004 2005-2009 (A) Closest neighbor imputation extent the results are driven by the additional assumption made on the unobservable characteristics of this group. Table D5 shows results on the corrected part-time wage gap if a random conditional rank is allocated to individuals for whom I do not observe either a full-or a part-time wage. Results up to the 75 th percentile are qualitatively equivalent to the main results. However, corrected premia at the very top of the distribution become larger under the random conditional rank allocation. This makes sense as wage dispersion rises with skill, so that the effect of different conditional ranks is more noticeable at the top of the distribution. 1990-1994 1995-1999 2000-2004 2005-2009 G corr (τ = .10) 0.13* 0.28* 0.12* 0.12* G corr (τ = . An alternative suggested in the literature is to use information from individuals who I only observe working full-or part-time one year in the data. The average conditional rank of these individuals is very close to the median both for full-and part-time employment.
